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ABSTRACT 
 
The reflectance signatures of plantation pine canopy and understorey components 
were measured using a spectro-radiometer. The aim was to establish whether 
differences observed in the reflectance signature of stressed and unstressed pine 
needles were consistent with observed differences in the reflectance of multispectral 
Landsat Thematic Mapper (TM) images of healthy and stressed forest. Because 
overall scene reflectance includes the contribution of each scene component, needle 
reflectance may not be representative of canopy reflectance. In this investigation, a 
limited dataset of reflectance signatures from stressed and unstressed needles 
confirmed the negative relationship between pine needle health and reflectance which 
was observed in visible red wavelengths. However, the reflectance contribution from 
bushes, pine needle litter and bare soil tended to reinforce this relationship suggesting 
that in this instance, overall scene reflectance is comprised of the proportional 
reflectance of each scene component. In near infrared wavelengths, differences 
between healthy and stressed needle reflectance suggested a strong positive 
relationship between reflectance and tree health. For Landsat TM images, previous 
research had only observed a weak positive relationship between stand health and 
near infrared reflectance in these pine canopies. This suggests that for multispectral 
Landsat TM images, reflectance of near infrared light from pine canopies may be 
affected by other factors which may include the scattering of light within canopies. 
These results are seen as promising for the use of hyperspectral images to detect stand 
health, provided that pixel reflectance is not influenced by other scene components. 
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INTRODUCTION 
 
This paper presents the results of an investigation into the reflectance signatures1 
of a simple plantation pine forest canopy, understorey, litter and bare ground. The aim 
was to determine if previously observed negative non-linear relationships between 
canopy reflectance and stand growth could be substantiated as being directly linked to 
changes in pine needle reflectance in healthy and suppressed trees rather than being an 
artefact of the mixed reflectance of the scene components. A secondary aim was to 
investigate alternative reasons for the correlation between canopy reflectance and 
stand health by examining the effect of the spectral reflectance2 of various scene 
components on overall scene reflectance.  
Reflectance signatures of ‘pure’ land-cover types – e.g. minerals or monoculture 
tree canopies - are often unique and have been used to identify land-cover types over 
wide areas using airborne hyperspectral imagery. This imagery is captured in many 
wavebands (up to several hundred) with a band width as small as 10 nano-metres (nm) 
and this allows the variation of reflectance with wavelength to be easily interpreted as 
a graph. Conventional multispectral imagery is only collected in broad wavebands, 
e.g. visible red wavelengths on Landsat satellites are collected between wavelengths 
of 630 and 690 nm and near infrared wavelengths are collected between 690 nm and 
900 nm. 
Hyperspectral images have proved useful for identification of mineral deposits and 
a library of signatures for various minerals is maintained by the US Department of the 
Interior, Geological Survey. Use of the imagery for identifying traits in vegetation is 
still a developing science but techniques which allow for the delineation of tree 
crowns (described by Bunting and Lucas 2006) or forage yields in saline or water 
stress conditions (reported by Poss et al. 2006) are promising. The influence of pixel 
size and variation in the spectral reflectance of scene components is well reported in 
the literature. For example, Carter et al. (1998) used the spectral reflectance of digital 
images captured in the 675-698 nm waveband to detect mild chlorosis caused by 
beetle damage to shortleaf pine trees in the south-eastern United States. However, 
detection of differences in leaf chlorophyll between damaged and undamaged trees 
was complicated by inherent variability of leaf chlorophyll content throughout the 
forest. Also, whereas Babar et al. (2006) were able to correlate spectral reflectance 
with leaf chlorophyll in wheat crops using a hand-held spectro-radiometer, Mallinis et 
al. (2004) found the fragmented spatial pattern of Mediterranean broad-leaved forests 
caused only weak correlations between Landsat TM spectral reflectance and forest 
stand variables.  
1 The reflectance signature of an object is the variation of its reflectance with wavelength. 
It is usually depicted as a graph.  
2 Spectral reflectance is defined as the ratio (often expressed as a percentage) of incident to 
reflected light irradiated onto a surface and then reflected back to a target, for a particular 
wavelength. 
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In the laboratory and field, reflectance signatures can be collected with a spectro-
radiometer which measures the reflectance of a small sample of a substance, e.g. an 
individual leaf. Signatures collected in this way may not be the same as signatures 
collected from an airborne sensor. For example, canopy architecture and the 
arrangement of leaves may affect the signature of a canopy compared to that of a 
single leaf. However, signatures derived from laboratory measurements can be useful 
to indicate the influence of various scene components in multispectral images which 
use coarse wavebands. In this investigation, it was hypothesised that water and 
nutritional differences affecting growth within a pine plantation, which had shown up 
as strong negative relationships between canopy reflectance and Landsat TM digital 
data, would be confirmed by different foliage reflectance signatures of the pine trees 
and understorey. 
The next section of this paper presents a description of the study site and the 
background to using spectral signatures to detect differences in tree and stand health. 
Following sections describe the measurement of spectral signatures in a simple pine 
canopy and complications which arise in overall scene reflectance from pine needle 
litter and soil. Finally, the implications of these results for the use of hyperspectral 
images to differentiate between healthy and stressed pine canopies are discussed. 
 
Background to the Investigation 
The investigation was carried out in nine year old stands of the hybrid of Pinus 
elliottii var. elliottii x Pinus caribaea var. hondurensis at Toolara Forest in south east 
Queensland (Figure 1) in which a strong (R2 = 0.71) negative and non-linear 
relationship between leaf area index3 (LAI) and Landsat Thematic Mapper4 digital 
data had been observed in visible red wavelengths. Similarly, a weak positive 
relationship had been found between LAI and near infrared wavelengths in these 
plantations (Baynes and Dunn 1997). The growth of the trees in these compartments 
varies from stands of healthy trees with a complete canopy cover, to less fertile sites 
where the trees are spindly and chlorotic. The poor quality stands of trees usually 
occur in swamps where they compete with understorey vegetation. Differences in 
growth between better and poorer stands of trees are visually evident in a band 3 
(visible red wavelengths) Landsat image (as illustrated in Figure 2) which was taken 
when the trees were eight years old. Stands of trees with vigorous growth have high 
light absorption and low reflectance and are represented as dark grey or black in the 
image. Stands of poorly growing trees, understorey and roads have low light 
3 Leaf Area Index (LAI) is defined as the one-sided green leaf area per unit of ground area 
in broadleaf canopies, or as the projected needle area per unit of ground area in needle 
canopies. It is an index of the amount of foliage in a canopy and by implication of the 
health and growth of a stand. 
4 The Thematic Mapper scanner carried by the Landsat 4 and 5 satellites records images of 
the earth’s surface in seven wavebands with 256 radiance levels. 
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absorption and high reflectance in this waveband. They are represented by light grey 
or white tones in the image.  
 
Background to the Use of Spectral Signatures 
In tree canopies, at the individual leaf level, light hitting the leaf is either absorbed, 
reflected or transmitted. Some proportion of the incident light is reflected at the leaf 
cuticle with the remainder penetrating into the leaf. Photons at the shortest 
wavelengths including visible light are absorbed by pigments in the process of 
photosynthesis. Photons at the low energy near infrared wavelengths are scattered in 
multiple directions and are reflected in the leaf mesophyll, particularly the cell wall 
and air cavity interfaces. Absorption is consequently high in the visible wavelengths 
and much lower in the near infrared wavelengths (Baret 1995). If plant leaf responses 
dominate most signals that reach remote sensors from forest canopies as suggested by 
Gausman (1985) then variation in the spectral reflectance of light may be 
symptomatic of plant health, growth stage or stress level. Hence, single leaf 
reflectance data may be used to model canopy reflectance (Lillesaeter 1982).  
The relationship between leaf and canopy reflectance was questioned by Knipling 
(1967), on two grounds. First the leaf reflectance spectrum does not really represent 
the quantity of reflected energy and second the reflectance spectra of individual leaves 
may not be representative of the entire plant or forest. This may be important for pine 
trees where the needles are clumped. Viewing angle of the sensor, sun angle and the 
presence of shadow will also influence reflection. Also, physiological stress, which 
may be expected to affect leaf reflectance of the plant may be expressed as a reduction 
in total leaf area rather than a change in leaf pigmentation or chlorophyll 
concentration (Curran and Milton 1983). This places limitations on transferring 
inferences derived from samples of leaves or needles to the canopy as a whole. 
However, differences in visible and near infrared reflection have been used to indicate 
conditions of stress or different water relations in forest canopies. For example, Carter 
and Young (1993) successfully used leaf reflectance in the visible spectrum to 
determine relatively mild differences in tree moisture stress in slash pine.  
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Figure 1. Map of compartment 115 of the 1987 plantation of the hybrid of Pinus 
elliottii var. elliottii x Pinus caribaea var. hondurensis at Toolara Forest showing the 
location of stands of trees with good and poor growth 
 
For this investigation, the relevance of previous findings was that while it is probable 
that visually observable differences in stand health would be evident in the spectral 
signatures of the pine needles, spectral reflectance from scene components may act to 
strengthen or weaken any relationship which is evident in Landsat images. In this 
situation, it may only be possible to capture a direct and causal relationship between 
foliage reflectance and stand health if pure pixels of pine foliage are imaged by the 
sensor. This would require a sensor with a pixel size or ‘footprint’ on the ground that 
is sufficiently small to image pixels which are uncontaminated by scene components. 
In these circumstances, hyperspectral images captured by low flying aircraft may be 
more useful than multispectral images from satellites. 
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Figure 2. Landsat band 3 (visible red wavelengths) image of the pine plantation 
showing stands of pine trees with good growth as dark grey and black and stands with  
poor growth, roads and clearings as light grey or white 
 
RESEARCH METHOD 
 
The study site comprised two experimental plots of widely differing growth and 
health within compartment 115 of the 1987 plantation at Toolara Forest. In the 
‘vigorous’ growth plot (Table 1), the trees were healthy, the predominant height5 
(PDH) was 15.2 m and basal area6 was 25.2 m2/ha. A ‘green level’ above which tree 
needles were alive and below which they were dead had formed and the forest floor 
was carpeted with needles. In the ‘poor’ growth plot (Table 1), the PDH was 11.8 m 
and basal area was 13.1 m2/ha. The trees were smaller, visibly chlorotic and had not 
completely shaded out an understorey of groundsel bush (Baccharis halimifolia). In 
this plot, a small portion of sandy soil was visible through a mat of dead pine needles.  
 
 
5 In Queensland, predominant height (PDH) of a stand of trees is the average height of the 
tallest 50 trees per hectare. It is used as an index of the height development of the stand.  
6 Basal area is the area of trees calculated as square metres per hectare, measured over or 
under bark at a height of 1.3 m above the ground. 
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Table 1. Growth characteristics of two 9-year-old sample plots of Pinus elliottii var. 
elliottii X Pinus caribaea var. hondurensis at Toolara forest at age nine 
 
Plot Stocking rate 
(stems/ha) 
Predominant 
height 
Over bark basal area 
(m2/ha 
Vigorous growth plot 850 15.2 25.5 
Poor growth plot 825 11.8 13.1 
 
Measurement of Spectral Signature 
Samples were collected of the main scene components which would be imaged by 
a satellite sensor, i.e. pine needles, groundsel foliage, needle litter and bare soil. The 
reflective signatures of the samples were measured with a LI-COR LI-1800 spectro-
radiometer interfaced with LIC0R LI1800 and PC1800 software. The spectro-
radiometer consisted of an Ulbricht integrating sphere in which a sample of foliage 
(held onto a backing plate, which is painted flat black) was placed over a sample port 
and illuminated by a beam of light. The radiance of the sample was measured and 
divided by a reference scan to measure the reflectance of the sample. For the reference 
scan, the light source was shone against a backing plate of barium sulphate (the 
reflectance properties of which could be compared with a known standard) instead of 
the pine foliage. Data were read and compiled with the associated software to produce 
a reflectance signature calculated as the percentage reflectance for each wavelength, 
in graphical and tabular form.   
 
Procedure for Sampling Shoots of Pine foliage 
At the date of sampling, no rain had fallen at Toolara for 20 days and the pine 
forests were undergoing mild moisture stress. Three shoots of pine foliage were 
sampled from a co-dominant tree in the vigorous plot, and three shoots were collected 
from a co-dominant tree in the poor plot, a total of six shoots. To ensure that the 
samples were taken from comparable positions on each tree, the shoots were sampled 
from a mid-branch position on branches growing in the top third of the tree crown on 
the north side of each tree. In addition, three samples were collected of mature 
groundsel bush leaves, two samples of needle litter and two samples of soil (grey-
white sand). 
Samples were collected at mid-morning, sealed in plastic bags, packed in ice and 
transferred to the laboratory. In the laboratory, the spectro-radiometer was used to 
measure the reflectance signature of samples of needles as described above. 
Reflectance measurements were taken from each shoot over the 400-1100 nm 
wavelength range at 5 nm intervals. Mean reflectance signatures were calculated for 
the groundsel, litter, soil and ‘good’ and ‘poor’ pine needle samples. 
 
BAYNES 
 
 
28 
SPECTRAL SIGNATURES OBTAINED FROM THE SAMPLES OF SHOOTS 
 
The mean reflectance signature of the vigorous pine needles (Figure 3) was typical 
of healthy vegetation. Reflectance was low in blue wavelengths (450-520 nm) higher 
in green wavelengths (520-600 nm) and low in red wavelengths (630-690 nm). 
Reflectance in the near infrared ‘plateau’ (760-900 nm) was approximately 65%. 
Overall, the reflectance was typical of healthy vegetation reflectance patterns 
described by the US National Oceanic and Atmospheric Administration (NOAA 
2006) and was similar to spectral signatures reported by Dungan et al. (1996) for 
Douglas fir needles.  
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Figure 3. Reflectance signatures of healthy pine needle
groundsel bush 
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Complications in Overall Scene-reflectance Caused by Reflectance from Litter 
and Soil 
For blue and green wavelengths, the reflectance signature of pine needle litter was 
similar to healthy pine needles (Figure 4). However, for visible red wavelengths, the 
reflectance of pine needle litter was approximately 25% compared to less than 10% 
for healthy needles. For near infrared wavelengths, the reflectance of the litter climbed 
from approximately 30% to 60% with increasing wavelength. The visible grey-white 
colour of the soil showed little variation with wavelength, increasing from just less 
than 20% in visible blue wavelengths to approximately 30% in the near infrared.  
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Figure 4. Reflectance signatures of vegetative components of the scene together with 
signatures of soil and pine needle litter 
 
These results indicate that for the two wavebands (visible red and near infrared) 
which are traditionally used to detect differences in forest growth or health, overall 
scene reflectance is affected by the reflectance of the soil and the pine litter. In visible 
red wavelengths, soil and pine litter reflectance would strengthen any apparent 
relationship between stand health and reflectance. In near infrared wavelengths, the 
soil litter would increase the apparent strength of the relationship between stand 
health and reflectance but the effect of pine needle litter on this relationship would 
vary as needle reflectance increases from 700 to 900 nm.   
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DISCUSSION AND CONCLUSION 
 
In this simple canopy, in conditions where the pine canopy cover had declined to 
include reflectance from groundsel, litter and soil, overall scene spectral reflectance 
was complex. Although the contribution of each component to overall scene 
reflectance was not quantified, and the needle signatures do not include the influence 
of canopy architecture, visible wavelength reflectance would appear to be an artefact 
of the proportion of the overall reflectance from each component. Visible blue 
wavelengths were lowest for fast-growing healthy pine forest, with all other 
components having higher reflectance. In green wavelengths, no trend of reflectance 
with groundcover appears present, pine needle litter having similar reflectance to 
healthy pine needles. Visible red reflectance was lowest for healthy pine needles and 
the higher reflectance of all other components supports the previously observed 
negative relationship of Landsat TM visible red reflectance with LAI. It is important 
to note, however, that the relationship is an artefact of different reflectance from the 
soil, litter and groundsel compared to pine needles, rather then a direct difference 
between healthy and stressed needles.  
Near infrared wavelengths would appear promising for the detection of healthy 
pine needles, all other scene components having greater absorption in this spectrum. 
However, near infrared light is multiply scattered and reflected within canopies and 
this may affect any relationship between reflectance and stand health.  
These results suggest that the detection of healthy pine forest would be assisted by 
hyperspectral images with a pixel size small enough to ensure that some pixels are 
comprised of reflectance from pine needles only. The narrow wavebands of these 
images may allow the derivation of a reflectance signature for healthy forest similar to 
those shown found in this study and this could assist the differentiation of forest into 
stressed and unstressed fractions of the stand. 
For land managers, the implication of these results is that apparent trends of 
multispectral reflectance with stand health may not be directly and causally linked. In 
circumstances where scene reflectance is comprised of the reflectance of overstorey 
and understorey components, apparent relationships between reflectance and stand 
parameters will need to extensively ground-truthed. 
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